a certain country specializes and to what extent) or its nature (thus in what kind of sectors economic activity is concentrated). In this paper we concentrate on the former aspect of economic activity distribution, still not so much explored in the empirical literature. Understanding such a relationship is important in the light of arguments suggesting not only that the nature of specialisation is important for economic growth (Grossman and Helpman 1991; Hausmann et al. 2007; Plümper and Graff 2001) but that also the degree of diversification is crucial from the perspective of economic progress (Acemoglu and Zilibotti 1997) . It is especially relevant in low-income countries where high risk associated with low diversification can be particularly dangerous (Kalemli-Ozcan et al. 2003; Koren and Tenreyro 2007) .
One of the problems that the empirical research on specialisation-GDP per capita nexus should address is the fact that the degree of economic structures' diversification can be examined from two distinct points of view: as a characteristic of an internal industrial structure or as a trade issue. Can we state that the degree of employment and export diversification are two phenomena evolving in parallel, or should they instead be treated separately as having different dynamics along the development path? The overview of existing studies (usually limiting the analysis to the data of one type) gives a rather mixed picture. There is some evidence for the decreasing degree of export intensity in Europe (Aiginger et al. 1999) , in OECD countries (Laursen 2000) , or in a heterogeneous group of developed and developing economies (Wörz 2005) . At the same time, other studies confirm increasing trends of industrial specialisation in Europe (Aiginger and Davies 2004; Amiti 1999; Brülhart 1998) . 1 So far, few studies match specialisation patterns with GDP per capita performance at the international level, and there is still some incongruity in the conclusions drawn. The results vary depending on the set of data used (trade or industrial statistics), adopted measures of specialisation (relative or absolute, thus relating specialisation patterns to the general trend or not, respectively), and the inclusion or exclusion of country-specific effects in the estimation. It has been argued by means of nonparametric unconditional methodology 2 (providing flexibility but not accounting for the importance of any other determinants of specialisation, not even country-fixed effects) that economies may undergo different stages of specialisation as they grow, first diversifying and then again specialising their industrial structure (Imbs and Wacziarg 2003; Koren and Tenreyro 2007) or trade composition (Cadot et al. 2007) . At the same time a pattern of consistent decreasing specialisation has been revealed through semiparametric estimations 3 performed with international trade statistics and taking into account country-specific effects (de Benedictis et al. 2009 ).
1 Increase in the degree of production specialisation does not necessarily imply rising export specialisation. In fact, the evidence from the European countries demonstrates that two aspects of specialisation may evolve in opposite directions with the rise in production specialisation and the tendency of de-specialisation in exports during the 1990s (Aiginger et al. 1999) . 2 Usually the lowess (also known as loess) method introduced by Cleveland (1979) has been used.
It is possible that the differences in the conclusions drawn by various authors result only from the diversity of methodological and computational settings, but given the aforementioned variety of cross-country evidence, the omission of country-specific effects seems to be a serious problem. 4 In order to address all of these points, we perform a fully comparable analysis of various (export and employment) aspects of specialisation along the GDP per capita expansion path within our perfectly homogeneous empirical setting. We apply a wide range of absolute and relative specialisation measures calculated for 32 economies over the years 1980-2000. To our knowledge, no systematic analysis of this kind has been performed so far. 5 Since the very beginning we have not wanted to impose any limitation on the nature of the relationship between the extent of economic structures' diversification and corresponding development levels. In order to provide full comparability with the existing evidence, we start from the simplest unconditional nonparametric framework. Subsequently, however, we apply semiparametric estimation, which allows us to correct the flexible shape of the specialisation curves by including country-specific effects. Parametric methods are used as a supporting tool.
The rest of the paper is organised as follows: Sect. 2, following the introduction, describes basic concepts linked to the measurement of 'overall specialisation' and the composition of our data set. In Sect. 3 we briefly describe the methods of estimations we apply. In Sect. 4 we present results based on unconditional estimations of the specialisation-GDP per capita nexus, while in Sect. 5 we present robust results obtained by means of semiparametric estimation with country-fixed effects along with robustness checks. Concluding remarks are presented in Sect. 6. We do not find a robust support for a U-shaped pattern of specialisation along the path of growth, but rather a tendency towards manufacturing despecialisation in the initial phase of economic development, especially in relative diversification dynamics compared to the overall trend.
Measurement issues

Concept of overall specialisation
Overall specialisation can be roughly defined as ''the extent to which a given country specialises its activities in a small number of industries or sectors'' 4 Only de Benedictis et al. (2009) directly incorporate country-fixed effects into the flexible estimation of export specialisation curves. 5 Some specialisation studies include 'sensitivity analysis,' which extends the basic data set and compares the outcomes obtained with various types of data (value added, output, employment, and trade). However, as a result of the differences in the time span, the set countries, or the level of sectoral disaggregation it is impossible to confront directly the growth effects of trade and employment specialisation. Brülhart (1998 Brülhart ( , 2001 ) matches employment and export data to study geographical location patterns in the EU; Midelfart-Knarvik et al. (2000) use EU production and trade data, but they do not explore the link between emerging specialisation patterns and GDP per capita performance. We have not encountered in the existing literature any simultaneous estimation of export and employment 'specialisation curves' that take into account the importance of country-fixed effects.
Employment and export specialisation 617 (Aiginger and Davies 2004: 235) and is the opposite of the degree of economic structures' diversification. Consequently, in our case a country is said to be specialised in a particular industry if this industry attains a high share in total manufacturing of the respective country; i.e. with respect to the employment structure, a country is said to be highly specialised if a limited number of industries account for a large share of total employment. 6 Analogical definitions can be formulated for export specialisation.
Absolute and relative measures of specialisation
There are several measures of specialisation, usually formulated as synthetic indexes constructed for a single country in a given year. These instruments can be divided into two broad categories classified as absolute and relative indexes. Absolute measures of specialisation show how different the distribution of sector shares is from a uniform distribution (when each sector has the same share in total employment or trade, accordingly) and describe the degree of economic activity diversification in a given country, with no comparison to 'world' trends. The indexes of the second type-relative ones-relate the sectoral structure of a particular country to the common benchmark (which may be perceived as a typical degree of specialisation in the country sample) and measure how 'diversified' the economic structure of a given country is from the rest of the countries considered. We calculate practically all measures that have been used in the specialisation literature.
Consider n industries (sectors) present in m countries and define the share of employment (E) in industry i = 1, 2, …,n in total employment of country j = 1, 2, …,m as:
Hence, we define the 'world' typical share of industry i in total 'world' 7 employment:
Analogical shares can be defined with export data. We report four absolute and three relative indexes of specialisation calculated according to the formulas in Table 1 . The former indexes measure the dispersion of (1) across the whole economy, and the latter ones refer (1) to (2). Our set of absolute indexes of specialisation includes the following: Herfindahl index (Herf), absolute Gini index (AbsGini), coefficient of variation (CV), and absolute Theil entrophy 8 index (AbsTheil). We also calculate relative measures of specialisation: dissimilarity index (DI), relative Gini index (RelGini), and relative Theil entrophy index (RelTheil).
9 All these measures are positively related to the degree of overall specialisation: the bigger the value of an index, the more specialized (hence, the least diversified) is the economic structure of a country.
Data and panel composition
Since the very beginning we aimed at performing an analysis that eliminates methodological differences at the start. It meant the creation of fully comparable export and employment sectoral data sets, including the data for the same countries and for overlapping time periods. The final selection of countries and the time span of our analysis is based on the thorough comparison of the two basic data sources we use: the United Nations Industrial Statistics Database (UNIDO 2006) and 8 Entrophy is a technical name meaning the 'degree of disorder' (Cowell 1995: 48) .
9 Specialisation indexes are based on standard measures of economic inequality and defined as in Cowell (1995) . For complete definitions of various alternative statistical instruments used in the analysis of specialisation patterns, see de Benedictis and Tamberi (2004) or Iapadre (2001) . The analysis is restricted to manufacturing sectors 11 that are expected to be less dependant on geographical and climatic conditions. As for the disaggregation level, the advantage of the data set we use is that, both for employment and for export statistics, we manage to maintain exactly the same sectoral disaggregation scheme (ISIC Rev.2, . 12 We reorganized the original data in order to provide full comparability between employment and export sectoral data sets, and in the end we base the calculation of synthetic measures of overall specialisation on the data for (Table 3) . It allows us to make direct comparisons between results based on two types of specialisation measures (relative and absolute), as well as between the specialisation patterns emerging from various data (employment and export statistics).
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To summarize, we have a perfectly comparable-across time, countries, and industries-set of employment and export statistics.
14 Additional data (GDP per capita in int. US$ 2000) come from Penn World Table 6 .2 (Heston et al. 2006) . Table 3 ). 14 The unique characteristic of the data we use is the fact that by choosing this very set of countries, years, and sectors we have managed to reduce noticeably the number of missing values (1.3% of total 24,395 sectoral observations). In the employment data set 141 out of 11,424 sectoral observations (1.2%) have been filled in through standard interpolation/ extrapolation techniques. In the export data set, 1.39% (181 out of 12,971 cells) had been filled in.
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Nonparametric methods of estimation
We are interested in methods that do not assume any particular functional form and that allow a flexible analysis. In case of built-in (or suspected) nonlinearity present in the data, nonparametric regression techniques (Pagan and Ullah 1999) provide useful and simple tools for modelling and exploring such data. A standard linear regression would assume that the mean of the response variable Y (in our case, the degree of specialisation, SPEC) is a linear function of a single predictor X (in our case, GDP per capita):
where parameters a and b are usually estimated by least squares. In order to reveal the functional dependence of E(Y) on X without imposing the rigid parametric assumption about that dependence, we can consider its nonparametric representation of the following form:
where f(X) is an unspecified function and a smooth is defined as an estimate of f(X).
The function can be estimated by a number of smoothers, which are nonparametric tools used for estimating the trend through use of piecewise regression. 15 In our case, we can apply such nonparametric formulation to consider the model:
where f(.) is an unspecified function, SPEC is represented by one of the measures of overall specialisation calculated previously (as in Table 1 ), and GDPpc denotes GDP per capita level (int. US$, 2000) . Note that we match each country's specialisation level with output per capita at any given moment of time and not using a time trend. In order to compare our results with those of the other authors, at the start we implement a locally weighted smoother (also known as lowess or loess) as introduced by Cleveland (1979) . 16 However, such unconditional nonparametric methods, albeit relaxing the assumption of a linear relationship between the response and the predictor, are 15 In the first step 'neighbourhoods' of points around each x of interest are defined by span value, and then a separate linear regression is fitted in each neighbourhood. See Schimek (2000) for a thorough description of all commonly used smoothing techniques. 16 It is computed in the following steps (Hastie and Tibshirani 1990: 30) : Smooth s(x 0 ) uses k nearest neighbours (closest points to x 0 ) denoted by N(x 0 ), which are identified at the beginning. The number of nearest neighbours, usually expressed as a percentage of the data points (span), is the smoothing parameter. The choice of span parameters is crucial, as a wider neighbour will produce a smoother function but will track the data less closely (so-called 'bias and variance trade-off'). Next, the distance of the furthest near-neighbour from x o is computed. Weights w i are given to each point in N(x 0 ) using the tricube weight function. Such a weighting scheme provides decreasing weights (and less relative importance) on observations that are more distant from x 0 . Finally, s(x 0 ) is a fitted value at x 0 coming from the weighted least squares fit of Y to X confined to N(x 0 ). The procedure is repeated for each observation (the number of regressions is equal to the number of observations), and the fitted values are used for the construction of the nonparametric curve representing the relationship between Y and X. limited. They do not take into account any country-specific factors influencing the evolution of specialisation patterns. Consequently, exactly as parametric results based on pooled data, lowess curves may hide a great degree of cross-country heterogeneity. We argue that a correctly estimated 'specialisation curve,' which aims at describing the evolution of economic activity diversification as the level of GDP per capita grows in a 'typical' country, must take into account at least countryspecific effects. In order to match the flexibility of estimation with the possibility of accounting for such country heterogeneity, we opt for the semiparametric estimation.
Semiparametric methodology
We apply semiparametric estimation in the form of a Generalised Additive Model (GAM), introduced by Friedman and Stuetzle (1981) and developed by Hastie and Tibshirani (1990) . Additive models can be summarised in a few points (Schimek and Turlach 2000) . The aim is to study the structural relationship between the response variable Y and the vector of p covariates
T and m(x) = m(x 1 ,…,x p ). In the usual multiple linear regression m(x) is linear and additive in the predictors:
where E(e) = 0 and Var(e) = d 2 . In an additive specification only additivity is required, and the components are allowed to take on nonparametric forms, i.e. Y is approximated by the following model:
where g 0 is a constant and g j s are univariate smooth functions. What follows is that under identifiability for any
which suggests the adoption of an iterative procedure for the estimation of the univariate functions g (corresponding to the explanatory variables). The generalised version of an additive model (GAM) becomes:
where G(.) is a fixed link function.
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A special case, which we apply in the estimation of a semiparametric specialisation curve, occurs when only one predictor function is evaluated nonparametrically while all the remaining ones enter as a linear combination. It means that into the right-hand side of our model linking specialisation and the development level, we can introduce GDP per capita in a flexible form (as a nonparametric component) and a set of standard country dummies (as parametric components). In other words, we are able to control unconditional specification (5) for the importance of country-specific effects. In particular, we apply the following semiparametric formulation:
where SPEC is represented by one of our overall specialisation measures, GDPpc denotes GDP per capita (US$, 2000) , and D is a set of control variables (in our case, country dummies). 18 Our main interest is to reveal the shape of the unknown function f(.) describing the evolution of overall specialisation along the development path: it is estimated from the data through a backfitting procedure that was introduced as an iterative fitting procedure within the framework of nonparametric multidimensional regression (Friedman and Stuetzle 1981) . It determines estimates for the covariates in a successive manner, using the currently available information from all covariates except the one for which estimates have just been computed.
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In this specific example, the algorithm separates the parametric and nonparametric parts of the fit. The parametric part is estimated using weighted linear least squares within the backfitting algorithm, while the nonparametric part is fitted by iteratively smoothing partial residuals and represented graphically through a semiparametric version of partial residuals' plot. Table 4 . All pairwise correlation coefficients between various specialisation indexes are presented in Table 5.   21 18 So far, in the existing literature on the topic only de Benedictis et al. (2009) have applied a similar flexible approach to the estimation of the relationship between specialisation and GDP per capita levels, but they focus on trade patterns only. 19 For a detailed formal description see Hastie and Tibshirani (1990: 89-91) or Schimek and Turlach (2000: 300-301) . 20 Note that this is not the same as the standard partial residual plot used as a postestimation instrument in the linear regression analysis. A partial residual plot of a linear fixed-effects model would allow the detection of nonlinearity in the data only at a postestimation stage, while GAM procedure flexibly fits the model jointly by iteratively smoothing partial residuals. Moreover, we would anyway need to apply some nonparametric tool to approximate the shape of the relationship resulting from a set of points plotted in a partial residual plot. Usually lowess approximation is used. 21 Note that the choice of a particular index can be relevant for the final conclusions drawn. We observe strong correlations within the groups of various absolute indexes, as long as they are all calculated with the data of one type (employment or export). The same is true for relative measures. However, weak correlations between DI, RelGini, and RelTheil on one side and Herf, AbsGini, CV and AbsTheil on the other suggest that the passage from relative to absolute measures is likely to modify the outcomes of the specialisation analysis. We have also computed Spearman correlation coefficients (available on request). The pattern of correlations is similar. We match these specialisation measures with corresponding GDP per capita levels at any point of time with the aim of revealing 'specialisation curves'. In order to give an example of cross-country specificity of specialisation evolution along the path of growth, we first present evidence for selected economies and then pass towards the estimation of general 'specialisation curves'.
Country-specific trends
Country-level evidence confirms that when different countries find themselves at different stages in the development process, this is reflected in their patterns of specialisation, but some underlying specific effects also play a role. The following figures demonstrate the evolution of overall specialisation in two dynamic economies (namely China, Fig. 1, and USA, Fig. 2 ) that have followed the course of growth along very different levels of GDP per capita. Thanks to the adoption of the unifying framework, we can directly confront employment and export specialisation patterns revealed with absolute and relative measures (here: Gini index).
When measured in absolute terms, China demonstrates a kind of U-shaped path of exports diversification (Fig. 1, left plot) , but when we refer its degree of trade specialisation to the world benchmark (Fig. 1, right plot) , we can observe a decreasing trend. At the same time, China's manufacturing employment structure was becoming less and less specialised as GDP per capita was growing (Fig. 1 , left Suffixes _Empl and _Export mean that a particular index of overall specialisation has been calculated with employment and export data, respectively. All pairwise correlations are significant at 5% level Employment and export specialisation 627 plot), but the analogical relative trend (Fig. 1 , right plot, demonstrating Chinese specialisation in comparison with the typical structure in the 'world' benchmark) was much less pronounced. This is a clear sign that in addition to the fact that we should clearly distinguish between relative and absolute specialisation patterns, employment and export specialisation are not necessarily two sides of the same coin. Such an observation is confirmed by the evidence for a developed country, the USA (Fig. 2) , where the degree of absolute diversification of manufacturing employment and export structures was practically constant along the development path (Fig. 2, left plot) but, at the same time, at high levels of GDP per capita employment and export relative specialisation patterns were evolving in opposite directions (the former was rising, and the later was declining at GDP per capita levels above 25,000 US$: Fig. 2, right plot) . In other words, while the degree of internal US economic structure diversification remained rather constant, US export composition was converging towards the 'typical' international level of specialisation but employment structure in the USA was becoming more and more dissimilar from the rest of the world. Relative specialisation USA Fig. 2 Evolution of absolute and relative overall manufacturing specialisation along the development path-USA . Specialisation measures (absolute and relative Gini index) calculated with employment and export data disaggregated into 17 manufacturing industries 4.2 U-shaped relationship between specialisation and GDP per capita? A critical evaluation
The two meaningful examples from the previous section prove that there is great variability in specialisation patterns along the paths of growth of single countries. Even though we argue that country-specific effects should be taken into account in the proper estimation of the overall 'specialisation curves,' we start with unconditional nonparametric evidence in order to confront our results with those already existing in the literature (Imbs and Wacziarg 2003; Koren and Tenreyro 2007; Cadot et al. 2007) and supporting U-shaped specialisation dynamics.
In the following figures we plot the whole range of nonparametric lowess curves approximating the evolution of employment and export overall specialisation along the GDP per capita development path. Instead of an arbitrary choice of the smoothing parameter, the degree of nonparametric span is defined by cross validation. 22 What emerges is that unconditional nonparametric evidence (based on pooled data, thus not allowing for the inclusion of country-fixed effects) indeed cannot be conclusive and is strongly dependant on the underlying method of overall specialisation measurement. This is probably the source of contrasting results presented in existing literature on overall specialisation dynamics. Employment and export lowess curves calculated with various specialisation indexes do not determine unambiguously the shape of the relationship between the degree of overall specialisation and GDP per capita levels. Some kind of unconditional U-shaped pattern is visible only in case of employment structures (which is in line with what Imbs and Wacziarg (2003) found), independently of the method of specialisation measurement: absolute (Fig. 3) or relative (Fig. 4) .
However, export structures do not follow the same pattern, and we also reveal differences in absolute and relative export specialisation: the former remains rather constant (Fig. 5) , while the latter decreases as countries move towards higher stages of development (Fig. 6) .
The hypothesis of a U-shaped pattern of specialisation evolution along the development path can also be checked parametrically by estimating the following quadratic formulation:
where SPEC is one of the measures of overall specialisation, GDPpc is the level of GDP per capita, i refers to countries, and t refers to time. The estimation results (along with calculated turning points associated with the minimum level of overall specialisation along the curve) are presented in Table 6 .
22 Following Bowman and Azzalini (1997) , cross validation (CV) procedure defines a suitable level of smoothing by finding the compromise between bias and variance (the former increases, while the latter decreases as span grows) through the minimisation of mean integrated square error. For details see Hastie and Tibshirani (1990: 42-43) . We have also tried to plot lowess specialisation curves for various arbitrarily chosen span levels (0.3, 0.5 and 0.8), and indeed their shapes are very sensitive to the choice of a span (available on request).
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Again, some kind of U-shaped pattern could be confirmed only in case of employment structures evolution with medium turning point occurring rather late. Note, however, that its estimated value is very sensitive to the measure of specialisation used and in case of employment patterns ranges between 12,500 and above 32,000 int. US$, 2000. There is no robust evidence for a U-shaped export specialisation curve.
Manufacturing despecialisation in the initial phase of economic development
Semiparametric estimation of the specialisation curve
The following semiparametric plots of partial residuals permit us to reveal flexibly the nature of the relationship between specialisation measures and the level of GDP per capita after having controlled for country-specific characteristics. We now obtain a very clear result that holds for all types of specialisation and for all measures: compared to lowess estimation, the inclusion of FE reduces considerably the dispersion of points around the estimated general specialisation curves and the evolution of specialisation at the initial phase of growth is common to all specifications. It means that cross-country heterogeneity is an important factor whose omission may have led to contrasting results obtained within frameworks without FE.
In Fig. 7 we plot GAM employment absolute specialisation curves, and Fig. 8 presents relative curves obtained with employment data. Figures 9 and 10 present analogical export specialisation curves. Separate plots correspond to single GAM estimations as in (10) performed for both export and employment specialisation measured in absolute and relative terms.
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The initial phase of economic development is characterised by increasing diversification, up to the level of around 10,000 int. US$ (2000) we can observe the tendency of decreasing manufacturing specialisation. This result holds for various specialisation measures (absolute and relative) and two types of basic data (employment and export statistics). The initial tendency is robust; only absolute export specialisation shows a very weak tendency towards a slightly increasing trend at the higher levels of development (which confirms the importance of distinguishing between absolute and relative patterns of diversification and is in line with the previous findings). In Table 7 we present the statistical significance of the nonparametric component, and the general result is robust: the nonparametric component (development level) is significant in determining the nonlinear evolution of overall specialisation along the path of growth. Note that our comparative exercise allows us to confront all the findings presented so far in the literature that appear to be contrasting with each other due to differences in the way of specialisation measurement. To summarize, if we take into account cross-country heterogeneity (and especially if we confront country-specific patterns with the overall trend through the application of relative indexes) both employment and export relative specialisation appear to decrease in the initial phase of economic development (Figs. 8, 10 ). The nations initially tend to have rather poorly diversified manufacturing structures with respect to the overall benchmark trend (which can be dangerous from the point of view of major risk associated with such a situation), but in the course of growth this tendency weakens and diversification opportunities appear. In other words, as GDP per capita grows, the degree of overall specialisation in a 'typical' country with respect to the rest of the 'world' tends to decrease along the development path. First of all, we have controlled the robustness of our result for changes in the disaggregation scheme within the same panel of countries. Maintaining a constant set of sectors for every country through time (but variable across countries), we have computed all four previously used absolute specialisation measures with sectoral employment and export statistics coming from the same sources as before (UNIDO and UN COMTRADE). 25 The results do not change; GAM estimations with country-fixed effects again prove that countries diversify along the development path.
Next, we applied an alternative relative measure of overall specialisation: the median of the Balassa index (BImed), as suggested by de Benedictis and Tamberi (2004) , which, contrary to the measures we have used, is negatively related to the degree of overall specialisation. BImed calculated with both employment and export 25 Note that in this case it is not possible to calculate relative specialisation measures, which require maintaining a constant set of sectors across countries and through time.
Table 6
Estimation results (employment and export specialisation along the development path)-quadratic specification statistics tends to grow along the initial phase of the GDP per capita expansion path, which is a sign of increasing diversification. We have also controlled for changes in the value of nonparametric span (denoting the degree of smoothing) applied in baseline GAM estimations of specialisation curves. Different values of span (0.3, 0.5 and 0.8) do not influence the shape of the decreasing relationship between overall specialisation and GDP per capita levels when country-fixed effects are accounted for.
Next, we applied a standard fixed-effect model linking specialisation with GDP per capita levels. The coefficients associated with the development level are negative and in most cases highly significant. However, standard plots of partial residuals, albeit having the shapes similar to those obtained through GAM procedure, reveal nonlinearity in the data and call for applying flexible methods of estimation.
Finally, we controlled whether the result holds in case of a bigger set of countries and a stronger disaggregation. We calculated the degree of overall specialisation in 60 countries (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) with export statistics coming, as before, from the UN COMTRADE database but disaggregated into 149 manufacturing product groups classified according to SITC Rev.2, 3-digit scheme and, as before, into 28 ISIC Rev.2, 3-digit sectors. Semiparametric specialisation curves (with fixed effects) obtained with Theil index (in absolute and relative versions) are very similar to those already described and confirm the tendency towards despecialisation at the beginning of the development process.
Concluding remarks
The aim of this study was to contribute to the literature on the specialisation-GDP per capita nexus by adopting a unifying approach for the study of overall specialisation dynamics in an international context. Given the contradictions appearing in the existing empirical evidence on the evolution of industrial and trade specialisation along the development process, we contribute by providing analogous frameworks for the study of these two dimensions of economic diversification. The results referring to employment and export specialisation are directly comparable thanks to the thorough reorganisation of the original data sets, the maintenance of the same set of countries and time span, as well as the application of a unique disaggregation scheme (ISIC Rev.2, . In addition, we have adopted a wide range of specialisation measures that allowed us to trace the differences between relative and absolute specialisation patterns-something that is lacking in the existing literature. We have been particularly interested in estimating the so-called 'specialisation curve' describing the evolution of sectoral division of economic activity along the development path of GDP per capita. In order to avoid imposing the nature of a relationship between the two variables of interest, we have chosen to give preference to nonparametric and semiparametric estimation techniques. Given that the evolution of overall specialisation along the development process described by lowess curves is sensitive to the type of the data and does not take into account inbuilt cross-country heterogeneity, we have argued to use semiparametric GAM estimations with country-fixed effects. We have demonstrated that unconditional measurement of manufacturing specialisation is in general sensitive to the methodological setting applied. However, after taking into account country-specific heterogeneity, we find the general tendency of decreasing specialisation at the beginning of the development process. The tendency towards diversification is visible both in employment and export patterns and is particularly evident if we consider single countries in a setting allowing for the detection of relative trends of GAM estimations refer to a model with a specialisation measure as the dependent variable, GDP per capita as nonparametric component and country dummies as linear components; nonparametric span = 0.5
